The ecosystem approach to fishery management requires monitoring capabilities at all trophic levels, including pelagic organisms. However, the usefulness of active acoustics for ecosystem monitoring has been limited by ambiguities in the identification of scattering layers. Increasingly, multifrequency acoustic methods are being developed for the classification of scattering layers into species or species groups. We describe a method for distinguishing between sympatric northern and Arctic krill (Meganyctiphanes norvegica and Thysanoessa raschii) using s v amplitude ratios from 38, 120, and 200 kHz data which were pre-processed through a self-noise removal algorithm. Acoustic frequency responses of both euphausiid species were predicted from species-specific parameterizations of a SDWBA physical model using specific body forms (shape, volume, and length) for Arctic and northern krill. Classification and model validation were achieved using macrozooplankton samples collected from multiple-sampler (BIONESS) and ringnet (JackNet) hauls, both equipped with a strobe light to reduce avoidance by euphausiids. SDWBA frequency responses were calculated for a range of orientations (+ 458) and compared with observed frequency responses, solving for orientation by least squares. A tilt angle distribution of N [98,48] and N[128,68] for T. raschii and M. norvegica, respectively resulted in best fits. The models also provided species-specific TS -length relationships.
Introduction
To implement the ecosystem approach to fishery management, adopted by many maritime countries through international agreements (FAO, 2008) , management agencies require data collection and monitoring capabilities at all trophic levels of marine ecosystems to develop effective indicators for assessing ecosystem health and for evaluating management performance. However, forage species, such as small pelagic fish and particularly macrozooplankton, have been chronically undersampled biological components of most marine ecosystems. Hydroacoustic methods have been developed to address this sampling gap by continuously monitoring the pelagic zone, across a range of temporal and spatial scales from mobile or stationary platforms, as well as by providing fine-scale, three-dimensional detail of the pelagic community abundance, structure, and behaviour. Nonetheless, its widescale use for the biological monitoring of ecosystems and the development of indicators other than basic acoustic backscatter have been limited, despite the advantages over more intrusive and sparsely sampling methods, i.e. fish and plankton nets, mainly due to ambiguities in the species identification and target strength (TS) of resolved scattering layers. However, the increasing use of multifrequency and broadband acoustic methods for the classification of scattering layers into species and species groups (e.g. Brierley et al., 1998; Korneliussen and Acoustic multifrequency classification (MFC) exploits differences in the acoustic frequency response (AFR) of aquatic organisms to estimate their size and, in some cases, to deduce their identity, given a sufficient range of frequencies and restricted species and size compositions (see Holliday and Pieper, 1995) . MFC has been used to classify a wide range of species and species groups, from fluid-like scatterers (e.g. copepods, cephalopods, and euphausiids), to gas-bearing organisms (e.g. swimbladdered fish and siphonophores), and elastic-shelled organisms (e.g. pteropods). The theoretical bases for these relationships as a function of the organisms' physical properties, orientation, and morphology have been extensively studied through mathematical modelling, in support of empirical measurements (e.g. Stanton et al., 1994 Stanton et al., , 1996 Martin et al., 1996; McGehee et al., 1998; Stanton and Chu, 2000; Holliday et al., 2003) . In addition, the availability of more precise and robust instrumentation, data collection protocols (Korneliussen et al., 2008) , analysis methodologies, and applications (Holliday et al., 2003; De Robertis et al., 2010) , as well as more available frequencies to exploit the inherent differences between these scatterers, makes the technology more accessible for systematic assessment of pelagic ecosystems.
However, the challenges are non-trivial. The ocean can be very heterogeneous in species and size composition and individual animal behaviour, all of which can affect AFR and increase measurement variability. AFR may also change with the size class of an organism, making the acoustic signature of that species more difficult to isolate. Moreover, the acoustic backscatter at a given frequency can vary by orders of magnitude between organisms with similar biomass densities but of different material properties (Stanton et al., 1994) . For example, gelatinous organisms such as salps and chaetognaths have a very low reflection coefficient, while solid elastic-shelled organisms such as gastropods are efficient sound scatterers. Therefore, these biophysical organism types have important differences in their frequency responses that can be exploited to differentiate them in a heterogeneous environment. In addition, for organisms that are locally dominant or segregated on acoustically resolvable scales (centimetres on the vertical, metres on the horizontal), the frequency-response method can be quite robust.
Dual-and multifrequency methods to classify Antarctic krill (Euphausia superba) acoustically have been in use for decades as part of the systematic population assessments in the Southern Ocean (Hewitt and Demer, 1993; Madureira et al., 1993a; Brierley et al., 1998) . Similar methods have been used in the northern hemisphere to classify scattering layers into euphausiid and fish targets (Miyashita et al., 1997; Cochrane et al., 2000; Kang et al., 2001) . The method works well in high-latitude ecosystems which are dominated by a few, large fluid-like scatterers such as krill and a restricted number of swimbladdered (e.g. herring and capelin) and non-swimbladdered (e.g. sand lance and mackerel) pelagic and semi-pelagic fish species. However, in several northern hemisphere basins, including the Gulf of St. Lawrence (GSL), several species of krill can dominate the scattering layers to varying degrees (Kulka et al., 1982; Mackas et al., 1997; Saunders et al., 2007) . Principal among these in the north Atlantic are northern krill (Meganyctiphanes norvegica) and Arctic krill (Thysanoessa raschii), which are the main nektonic forage species in these ecosystems, although T. inermis and T. longicaudata can comprise significant portions of overall krill biomass in some areas (Berkes, 1976; Sameoto, 1980) . All these northern euphausiid species have notably different population dynamics and behaviours (Skjoldal et al., 2004) . Significant differences in their preferred depth distributions, reproductive cycles, sizes, feeding, vertical migration behaviours, and volume densities mean that any inferences pertaining to ecological function derived from acoustic observations on krill as a species group will include large uncertainties. However, to date, acoustic studies in the GSL have not distinguished between them, but have lumped them into a single "krill" scattering layer or assumed the layers to be one species or the other (Simard et al., 1986; Simard and Lavoie, 1999; Cotté and Simard, 2005) .
Meganyctiphanes norvegica and T. raschii are ubiquitous throughout the lower St. Lawrence Estuary (SLE) and northwestern Gulf of St. Lawrence (NWG), while T. inermis is observed sporadically, although at times in significant concentrations (Sameoto, 1976; McQuinn et al., 2013c) . Consequently, this is also a zone of active summer foraging for marine mammals (Lesage et al., 2007) as well as fish and seabirds. The development of methodologies to discriminate acoustically between these euphausiid species is essential if the acoustic method is to be used to reach biologically meaningful conclusions about the ecology of these distinct and important forage species. Here we develop a classification procedure that distinguishes between northern and Arctic krill based mainly on their significant size difference, we ground-truth the classification using mono-and multiple net sampling, and we validate the empirically determined frequency response with species-specific parameterized SDWBA physical models.
Material and methods

Acoustic instrumentation and sampling
Simrad EK60 multifrequency acoustic systems were installed aboard the Small Water Area Twin Hull (SWATH) vessel "FG Creed" (38, 70, 120, and 200 kHz) and the monohulled "Coriolis II" (38, 120, and 200 kHz). On the "FG Creed", the 38 kHz transducer was located in the starboard hull with the other transducers positioned aft relative to it and as close as possible to achieve as much sampled volume overlap as possible (70 kHz, 65 cm; 120 kHz, 102 cm, 200 kHz, 86 cm; all measurements centre-to-centre transducer separations re 38 kHz). The "Coriolis II" transducer wells were in-line forward-aft on the port side of the keel, with the 38 kHz central and the 120 kHz 55 cm forward, and the 200 kHz 55 cm aft. All transducers on both vessels had 78 beamwidths and were installed at 3 m below the water surface. The acoustic system configurations on both vessels were synchronized to 1 s pulses at a 1.0 ms pulse duration to sample equivalent volumes on all transducers (Korneliussen et al., 2008) . Calibrations of both systems were performed with the standard target method (Foote, 1990; Simmonds and MacLennan, 2005) , using a 38.1 mm tungsten-carbide (6% cobalt binder) sphere suspended from three, computer-controlled monofilament line reels.
Acoustic and biological data used to classify krill were collected in August 2009, during systematic stratified surveys conducted during daytime hours in the SLE and the NWG (Figure 1 ). Seabird CTD profilers (SBE12+ and SBE19) equipped with fluorometers (Wetstar; Wetlabs # ) were used to characterize water masses and to estimate sound velocity profiles. CTD profile locations were spread throughout the study area, generally one per stratum. In all, 8 CTD casts, 17 net hauls (Table 1) , and . 2500 km of acoustic survey transects were recorded (Figure 1 ). 
Biological sampling
It has been demonstrated in several studies that euphausiids have the capacity to avoid plankton nets (Brinton, 1967; Clutter and Anraku, 1968; Wiebe et al., 1982; Hovekamp, 1989) . However, when a strobe light is used, the krill escape response is significantly reduced if not eliminated, and krill catches from plankton nets increase dramatically (Sameoto et al., 1993; Wiebe et al., 2004) . Therefore, to reduce avoidance, we sampled krill using a 1 m ring net (333 mm mesh) with a strobe light (ST400B; Novatech Designs Ltd) installed in front of the net, lit at a rate of two flashes of 20 ms duration every second. Also, to keep the front of the net free of the bridle attachment that could alert the krill of the oncoming gear, the lower end of the electromechanical cable was tied to the top of the ring and a 30 kg depressor was attached to the lower part of the ring on a short cable. This gear (JackNet) was towed obliquely from between 3 and 20 m off bottom to the surface or was used to sample targeted krill scattering layers previously located on the acoustic system (Figure 1 ). An electronic flowmeter (TSK) and a depth sensor were installed on the net to monitor closely in real time the uniformity of the sampling profile. In addition to the JackNet samples taken aboard the "FG Creed", multiple net BIONESS samples (1 m 2 ; 333 mm mesh) were also collected from the "Coriolis II" (Table 1) , also equipped with a strobe light.
Upon retrieval of the nets on deck, the samples were rinsed with seawater and preserved in buffered formaldehyde solution diluted to 4% with seawater. In the laboratory, all macrozooplankton were sorted, identified, counted, and batch weighed (wet weight + 0.001 g), except for euphausiids that were individually weighed and measured to the nearest 0.5 mm. Measurements included total length, between the tips of the rostrum and the telson, carapace length, and eye diameter. Other morphometrics and conditions were also recorded, such as sex (male, female, or juvenile), sexual development stage (Cuzin-Roudy and Buchholz, 1999) , and whether spermatophores were present or absent. From the whole sample, all krill were sorted into categories based on species and sex. When the sample was too large, a Folsom splitter was used to reduce the number of euphausiids to a minimum of 40 individuals per category. When samples were split, the length frequency distribution of the subsample was weighted by the whole sample weight.
Acoustic data analysis
In the following descriptions, we use definitions and symbols from MacLennan et al. (2002) . Raw S v (dB re 1 m 21 ) data were collected in Simrad format using the ER60 software and subsequently converted to standard HAC format (McQuinn et al., 2005) for further analyses. The HAC data files were denoised (see "Self-noise removal") and manually edited to remove external noise (e.g. vessel noise, surface reverberation, and electronic interference) and logging artefacts (e.g. surface bubbles, methane gas plumes, and erroneous bottom detections including side lobes).
Each frequency (i.e. channel) of the edited data files was then integrated to 2 × 25 m (vertical × horizontal) bins, referenced to the sea surface, from the transducer face down to the detected bottom. S a [dB re 1 (m 2 m 22 )] data from these multichannel hydroacoustic echointegration (HEI) files were then plotted in a GIS application (ESRI ArcGIS w ) to validate the editing procedure for missed bottom detections or surface bubbles, which appear as amplitude spikes.
Self-noise removal
Echograms have an intrinsic, time-independent noise level that is amplified by the time-varied gain (TVG) along with the backscatter signal. To compare signal amplitudes properly among frequency channels at all depths, one must ensure that the acoustic data are unbiased from this background noise. Where the acoustic data are dominated by noise, the backscatter signal is masked and the data must be excluded from further analyses or the noise must be subtracted from the true backscatter. We applied a method to subtract this noise from the TVG-compensated volume backscatter data (S v,C ) and to exclude data where the noise dominated the signal. This method is based on previous work by DeRobertis and Higginbottom (2007) , and is not intended to eliminate noise from external sources such as electronic interference.
To estimate the intrinsic noise level in an echogram dynamically, we require a portion of each ping with a minimum of scattering particles above the noise. The portion of a ping below the first bottom echo (Figure 2a ) is useful in this respect (Korneliussen, 2000; De Robertis and Higginbottom, 2007) . Given this, the noise level should be equal to the minimum S v value of an echogram (S v,noi ¼ S v,min ), once the TVG function has been removed. To estimate S v,min , we first subtract the TVG from the compensated data, S v,C to obtain uncompensated backscatter data in dB ( Figure 2b ):
where r is the range (metres) to each acoustic measurement, a is the absorption coefficient (dB m
21
) used by the echosounder during logging to apply the TVG, i is the ping number, and j is the sample number. Transforming the dB data to the linear domain, we can write the total backscatter as the sum of the real signal and the background noise.
However, since noise is random (Medwin and Clay, 1998 ) with a Gaussian distribution (see De Robertis and Higginbottom, 2007) , it is preferable to estimate the average noise level per ping. Averaging the linear signal over binned sample intervals, k, we can compute the average signal as a function of range and then select the minimal value of s v,UC as the noise level of the ith ping,
where B is the number of depth bins and k ¼ 10 samples in our application. s v,noi was further smoothed across pings (s v,nois ), reflecting the fact that the background noise level should vary slowly from ping to ping and should therefore be autocorrelated. This was done with a mobile average of the five nearest pings on either side, using pyramid weighting, i.e. decreasing linearly with distance from the central ping.
It was then possible to correct the acoustic signal by subtracting the average noise level from the uncompensated data in the linear domain and converting back to the dB domain before reapplying the TVG, S v,sigC i, j = 10 log 10 s v,UC i, j − s v,nois i ( ) + TVG j
Yet we cannot simply threshold data that are below s v,nois as this would only exclude about half of the non-reliable data. Due to the randomness of the noise, each ping should have roughly an equal number of noise values above and below this value ( Figure 2b ). We assume that the noise amplitude distribution is a half-Gaussian distribution (only positive values) centred at 0 and is characterized by a standard deviation d. Given this distribution, the average value of the noise (s v,nois ) is related to the s.d. by d· 2/p √ . This allows us to compute d and therefore the noise distribution, of which 99% will be contained within 5 dB above S v,nois . This becomes our threshold for the lower limit of reliable data, S v,thr . This threshold is analogous to the signal-to-noise ratio threshold introduced by De Robertis and Higginbottom (2007) in which we used a fixed value of 5 dB.
We can then threshold the compensated signal data directly by simply comparing it with the lower limit threshold, S v,thr , and adding the TVG (Figure 2c ),
All data under this curve were excluded from the analysis, while data above this curve have had the noise subtracted in the linear domain ( Figure 2d ). In practice, for the depths that we were working in, this processing affected mostly the 200 kHz channel. 
Acoustic frequency response
We investigated the AFR of scattering layers in three frequency dimensions with a custom Matlab w (Mathworks, 2000) application, EDWARD (Echo Discrimination With Acoustic Response Data) by plotting frequency amplitude ratios (linear domain) or differences (log domain) between pairs of frequencies:
where x is the upper frequency and y is the lower frequency. Although we collected data from all four frequencies on the "FG Creed", we describe the classification method based on data from the three most common frequencies in use (38, 120, and 200 kHz) to widen its application. In particular, we wished to apply the classification procedure to data collected from our second vessel, the "Coriolis II" which had only these three frequencies available.
Fish echoes, including other organisms with gas inclusions, were filtered out by removing all DS v,120 -38 values ,5 dB. This threshold corresponds roughly to the upper limit of swimbladdered fish (Logerwell and Wilson, 2004; De Robertis et al., 2010) and is similar to the ,4 dB used by Kang et al. (2001) to classify the swimbladdered walleye pollock (Theragra chalcogramma), although it is 2 dB higher than the described lower limit of large, fluid-like organisms such as Antarctic krill (Madureira et al., 1993a) . However, we also validated this threshold for its efficiency in removing swimbladdered fish by exploring the frequency response of numerous fish schools in our own data.
The krill classification procedure was developed on data from sample-validated echograms. Only those hauls which sampled a "pure" macrozooplankton scattering layer were selected for further analysis. The samples were considered pure if the dominant species comprised ≥ 80% of the sample by weight (Table 1) . This criterion was felt to be adequate, as gas-bearing organisms were filtered out of the acoustic data (see above) and elastic-shelled organisms were not encountered in the study area.
For each ground-truthed echogram, JackNet net trajectories were reconstructed from time -depth sensors on the sampler and overlain on the echograms with appropriate spatial lagging between the transducers and the net to determine as closely as possible which scattering layers were sampled. This approach proved instructive as in several cases the net did not pass through the dominant scattering layer, which may have gone unnoticed without the net trajectories. Backscatter around the net was selected from the echograms by defining polygons 4 m above and below the net trajectory to account for some spatial uncertainty. The binned S v data from the polygons were frequency differenced for all frequency pairs relative to the next lower frequency (x ¼ DS v,120 -38 and y ¼ DS v,200 -120 ) and plotted as a gridded surface in EDWARD (Figure 3a) . Frequency-differenced values were weighted by the signal amplitude at 120 kHz, thereby giving more emphasis to the denser concentrations of fluid-like scatterers and de-emphasizing the bins containing fewer organisms. The main distribution of points was then circumscribed with a polygon (Figure 3a) and the area was classified as the dominant species from the corresponding JackNet sample. This was repeated for all pure samples, including examples of M. norvegica, T. raschii, and T. inermis. Finally, global classification polygons were drawn that encompassed all the polygons associated with each species (Figure 3b) . A "mixed zone" was defined between the two global polygons where classification was ambiguous.
While the extent of the species-classified polygons was determined using JackNet-sampled echograms, class assignments were validated on echograms from the multiple net sampler (BIONESS) profiles. For the multiple net samples, species proportions were compared with catches separately from each net. We used daytime profiles for this purpose since the various species were generally found deep in separate scattering layers as opposed to night-time when they were often mixed near the surface.
Physical modelling
Although the species classifications using EDWARD were based on empirically derived AFRs, species-specific AFR models were constructed to confirm the physical basis for the observed patterns. Predicted frequency responses were estimated from a distortedwave Born approximation model (Chu et al., 1993) using the stochastic formulation (SDWBA) of Demer and Conti (2003a) and specific body forms for Arctic and northern krill (Figure 4 ). The SDWBA model uses an organism's material properties (density and sound-speed contrast) and its physical characteristics, including length, volume, shape, and vertical orientation, as well as considering the relative proportions of each cylinder of the digitized image (Conti and Demer, 2006) . The physical forms were obtained from photographs of live individuals captured by plankton nets during previous surveys in the study area. Photographs were digitized as a series of irregular but attached cylinders which were scaled to typical body lengths for each species. We used the stochastic form of the model to simulate the variability of "expected" values for orientation and length (Demer and Conti, 2003b) . This has the tendency to smooth or flatten the shape of the frequency-response curves since the model estimates the mean response from a normal distribution of each parameter.
It is well known that small variations in these input parameters can significantly affect modelled frequency-response results. Of these parameters, mean length and its distribution were known for each net-sampled echogram. Shape and volume were derived from species-specific photographs. Material properties were drawn from the literature, where various estimates for density contrast (g) and sound-speed contrast (h) for krill were available. We therefore compared the various literature values for M. norvegica (Køgeler et al., 1987) , Thysanoessa sp. (Greenlaw and Johnston, 1982; Køgeler et al., 1987; Smith et al., 2011) , and Euphausia superba Chu and Wiebe, 2005) to aid in the selection of appropriate values. Published estimates of h for M. norvegica and T. raschii from Køgeler et al. (1987) and E. superba from Foote et al. (1990) and Chu and Wiebe (2005) were not substantially different from each other (Figure 5a ). However, Smith et al. (2011) found significantly lower values for h for euphausiids in the Bering Sea, derived from significantly smaller individuals (18.2 + 5.0 mm) than in Foote et al. (1990) (.30 mm), which may have had an effect. Therefore, for the present analyses, we chose to use the value of h ¼ 1.0279 from Foote et al. (1990) , being close to the average estimate from literature values (excluding Smith et al., 2011) as well as being the most commonly cited literature value.
On the other hand, strong species (Greenlaw and Johnston, 1982; Køgeler et al., 1987) , seasonal (Køgeler et al., 1987) , and regional (Smith et al., 2011) differences have been found in the measured values for g (Figure 5b ), which make it difficult to select a representative value for this essential parameter. Given that our data were collected in late summer, we felt the most appropriate values should be from that season. From Figure 5b , most of the late summer to autumn values for M. norvegica and T. raschii were encompassed by the range of values published by Foote et al. (1990) for E. superba, which is also the most commonly used value for physical modelling of krill and the value we chose. Smith et al. (2011) once again presented significantly lower values for T. raschii (Figure 5b ), but, as with their estimate of h, from significantly smaller individuals than the other studies including our own. The consequences of our choice of values will be discussed later.
Model runs were therefore conducted with these parameters fixed for each specific sample, while orientation, Ø, was allowed to vary stochastically according to a Gaussian distribution within the range + deviation of [-45 + 458 + 2-158] in steps of 18. A horizontal orientation was defined as an angle Ø of 08 between a line connecting the midpoint of the anterior cylinder with the midpoint of the animal, and the horizontal plane (Figure 4 ).
From these model simulations, orientation was predicted by comparing the theoretical AFR at each orientation with the observed AFR from the pure samples using a least-square method, defined by the error term E:
(1)
where S v,f -70 is the difference between the mean volume backscatter (MVBS) at each finite frequency f (i.e. 38, 120, and 200 kHz) and the MVBS at 70 kHz and Ŝ v,f -70,s is the corresponding observed value per sample s. The AFR was normalized to 70 kHz rather than 38 kHz to avoid values at the reference frequency with a low signal-to-noise ratio. Overall best fit and most probable orientation was indicated by the lowest value of E.
Results
AFR from validated echograms
Of the 17 JackNet hauls (Figure 1 ), 11 contained representative examples of "pure" species aggregations (Table 1) , i.e. ≥ 80% single species by weight, although, in most cases (9/11), the proportion was ≥ 90% of single-species dominance. These proportions include data for crustaceous macrozooplankton only, i.e. euphausiids, mysids (Boreomysis arctica), and pelagic hyperiid amphipods (Themisto libellula, T. compressa, and T. abyssorum), as these would be the only significant scatters at these frequencies, with the exception of gas-bearing organisms which were dealt with separately (see "Material and methods: Frequency response classification"). Other sampled species included mesozooplankton (mainly Calanus copepods), chaetognaths (Sagitta elegans and Eukronia hamata), and jellyfish (Aglantha digitalis). Samples 1-3 were not used to estimate experimental AFRs because the JackNet trajectories were unavailable, and sample 13 was dominated by T. inermis.
Two dominant frequency-response patterns were detected from sampled echograms (Figure 6 ), associated with either the smaller T. raschii (Figure 7a) or the larger species, M. norvegica (Figure 7b ). Only one sample of pure T. inermis was collected, and the frequency -response distribution of this species largely overlapped with that of T. raschii (Figure 3b) , so polygons determined for T. raschii were assumed to comprise this species as well. Since T. raschii was by far the dominant Thysanoessa species throughout the study area (Table 1) , this class will be referred to as T. raschii henceforth. The pattern associated with T. raschii had a distinctive increasing response between 120 and 200 kHz, while M. norvegica peaked at 120 kHz and then declined to 200 kHz ( Figure 6 ). There was variability within these general patterns, but the mean DS v,200 -120 was always positive for the T. raschiidominated samples and always negative for the M. norvegicadominated samples. Plotting the AFC of the entire test dataset on two axes, (DS v, ) showed a good separation between species with a limited area of overlap (Figure 3b ).
Classification validation BIONESS profiles
BIONESS profiles from the "Coriolis II" stratified the water column into a maximum of nine vertical layers, depending on maximum bottom depth. The acoustic classifications and The acoustic multifrequency classification of two sympatric euphausiid species corresponding catches of the four daytime BIONESS profiles were compared for species composition and relative density. Species composition was mainly macrozooplanktonic crustaceans (krill, mysids, and occasionally the epibentic shrimp, Pasiphea multidentata), mesozooplanktonic crustaceans (Calanus sp.), and gelatinous species (chaetognaths and jellyfish). We did not consider further the gelatinous and mesozooplanktonic species given their weak individual TS at our operational frequencies. For instance, numerical densities .1000 m 23 of C. finmarchicus would be required to surpass an S v threshold of -80 dB at our highest frequency of 200 kHz (see Lavery et al., 2007) , while daytime densities above 200 m in the SLE rarely surpass 250 m 23 (S. Plourde, unpub. data).
A comparison of the acoustic and BIONESS density estimates per net haul showed a relatively good 1:1 correspondence between the two methods (Figure 8 ). The acoustic classification correctly identified the principal scattering layers per depth stratum in the majority of cases. Concordance was less variable at densities .0.2 g m 23 , but variability increased greatly at densities ≤ 0.1 g m 23 (Figure 8 ). Also at very low volume densities ( ≤ 0.01 g m
23
), there was a tendency to overestimate the acoustic values, possibly due to (i) contamination from other fluid-like scatterers, e.g. copepods; (ii) an underestimation of TS; or (iii) an increase in avoidance, although the latter explanation would be unlikely as density decreases. The BIONESS profiles also showed that the two main species, T. raschii and M. norvegica, were in general quite separate on the vertical (Table 1; Figure 9 ). In most cases, net hauls per stratum were dominated by a single species, indicating that at least Arctic and northern krill do not mix to any significant extent in the daytime in these waters, facilitating the MFC. Moreover, T. raschii catches and frequency-response pattern were almost exclusively associated with the upper, densest scattering layer generally between 80 and 140 m, while the lower, weaker scattering layer at depth (110 and 170 m) was strongly dominated by M. norvegica (Table 1; Figure 9 ).
SDWBA model simulations
The SDWBA model simulations were solved for the unknown orientation parameter through the least-squares optimization using the empirical AFR normalized to 70 kHz, by constraining the other input parameters of the model (i.e. frequency, shape, length, g, and h) using known values from field measurements or credible literature values. A head-up tilt angle following a normal distribution with mean ¼ 98 and s.d. ¼ 48 or N [98, 48] gave the best fit to the data for T. raschii {E ¼ 3.24 [Equation (1)]; n ¼ 12}, whereas M. norvegica optimized at N[128,68] {E ¼ 2.91 [Equation (1)]; n ¼ 9}. Although these results reflect the most probable daytime orientation for each species (Figure 10 ), optimization for both species was rather flat with little discriminating power for tilt angles between N[8-108 + 3-58] for T. raschii and N[10-148 + 5-88] for M. norvegica. These orientations bracket the results of Conti and Demer (2006) who estimated an orientation distribution of N [118, 48] for E. superba, having solved the SDWBA model for orientation with AFR from 38 and 120 kHz data only. Our results suggest that the orientation of T. raschii tends to be more horizontal and polarized (i.e. less individual variability) than that of M. norvegica. This may be related to the denser aggregations formed by T. raschii.
The SDWBA model also provided TS estimates as a function of length by species. The optimized models estimated TS at 120 kHz (TS 120 ) to be very similar at length between T. raschii and M. norvegica (Figure 11 ), both of which were 4 -10 dB lower than the function of Greene et al. (1991) , traditionally used for Antarctic krill (E. superba). However, the new TS-length relationships for the GSL krill compare favourably with the modelled function of Lawson et al. (2006) for E. superba (Figure 11 ). This is perhaps surprising given that Lawson et al. (2006) used significantly lower g and h values from Chu and Wiebe (2005) , yielding a lower estimated TS. This, however, was compensated by using a more horizontal orientation-N[08 + 27.38] estimated from in situ camera measurements-thereby increasing the estimated TS. Taken 
Discussion
Species classification
Our results are the first to show that the S v frequency response at 38, 120, and 200 kHz can be used to classify adult euphausiids in the SLE and NWG reliably into two genera, M. norvegica and Thysanoessa sp. Separation along the DS v,200 -120 axis was robust at 0 dB from all the ground-truthed net samples throughout the study area. The three-frequency AFR of M. norvegica and T. raschii fell within delineated bounds with limited overlap, permitting their reliable classification (Figure 3b ). This is most certainly due to the restricted and largely non-overlapping size structure in the SLE and NWG (Figure 7) . Our ability to exploit the size difference was perhaps fortuitous as the SLE is a region into which primarily adults (1-2 year olds) of both species are transported (McQuinn et al., 2013a) , considerably narrowing their Although the difference in size between the two dominant species was an important variable in our ability to discriminate between them acoustically, this may not be the only factor. The similar sized Antarctic krill species, Euphaussia frigida and T. macrura were distinguishable using three frequencies even with almost identical size distributions (Brierley et al., 1998) . Obviously, size is important; however, other factors such as shape, volume, and mean orientation may also play a role in the discrimination of these and other physically similar species. Future work outside the NWG will allow us to determine if the classification method performs as well with wider and at times overlapping length-frequency distributions. For example, the AFR from juvenile M. norvegica (21.8 + 3.0 mm) measured ex situ in a mesocosm showed a positive DS v,200 -120 when specimens were stimulated to swim horizontally (Calise and Knutsen, 2011) , which would most probably classify them as T. raschii by our method. Field validation of the AFR for juveniles with natural orientations will be required to confirm if indeed our MFC methodology can be exported to other regions.
Our empirical classification approach performed well when the scattering layers were mainly monospecific. In the GSL, the principal scatterers at 120 and 200 kHz are euphausiids, and these species tend to form separate scattering layers in the daytime (e.g. Figure 9 ). Although the overall zooplankton numerical abundance and biomass in the SLE are dominated by calanus copepods (Harvey and Devine, 2008) , along with a significant biomass of mysids, they are not concentrated enough in the upper 200 m in the daytime to affect significantly the return echo at these frequencies, and krill are not abundant below this depth. By restricting our analyses to the upper 200 m depth window, we effectively excluded mysids from the backscatter, although there were strong indications that this species may also be identifiable by its frequency response. Future work will involve data from the 70 and 333 kHz channels which may help classify this and other species.
Finally, the acoustic classifier we have developed for these two krill species has considerable advantages over spatially discrete sampling methods such as plankton nets for assessing macrozooplankton abundance and distribution. Besides the The acoustic multifrequency classification of two sympatric euphausiid species obvious advantages of continuous, fine-scale sampling for delineating the size, internal density structure, and vertical and horizontal distribution, acoustic sampling is a much more spatially adapted method, especially with the highly patchy (heterogeneous) distribution displayed by T. raschii. Further, with a reliable acoustic classifier, one can begin to infer behavioural and ecological functions to species from acoustic data alone. Of course, the additional biological information gained from net sampling of live animals (e.g. sex, morphometrics, lifehistory parameters) adds the biologically contextual information that acoustics cannot provide.
TS estimation
Physical modelling studies have often shown the frequencyspecific TS from individual scatterers to be strongly influenced by several parameters such as physical properties, orientation, length, and morphology, which have the potential of adding significant variability to the species-specific AFR patterns (Macaulay, 1994; McGehee et al., 1998; Stanton and Chu, 2000) . However, this assumes that the physiological and behavioural variability of the scatterers is also large in nature. It is therefore important to verify in the field the actual realized variability. For example, it is known that orientation greatly affects TS and the shape of the AFR curve of individual scatters. However, if for a given ecological situation (e.g. at resting depth in daytime), orientation exhibits a Gaussian distribution about a stable mean, i.e. animals maintain a preferred orientation on average, then spatial and temporal variability will be low and AFR patterns will be stable. Adding the stochastic structure to the DWBA model simulates this averaging over an aggregation with phase variation around a mean response and reduces the discrepancies between the theoretical response and the empirical measurements Conti, 2003a, 2004) , flattening the response for mean orientations that are farther from the axis of the main lobe.
Sound speed and density contrast are parameters that vary in time, space, and with species, and have a strong influence on modelled TS estimates. We chose to use the values from Foote et al. (1990) because these have been the most used values in the literature and, in the case of h, correspond to values from other sources. However, recent field measurements by Smith et al. (2011) suggest values for g and h for Thysanoessa spp. that are considerably lower than those of Foote et al., but more in line with those of Chu and Wiebe (2005) . Using these values in the SDWBA model would result in a TS 3 dB lower than presented here, and therefore biomass estimates of T. raschii twice as high. Until these estimates can be confirmed with similar sized specimens to those found in the SLE and NWG, we felt that a more cautious approach was warranted.
Estimates of the mean and variation of krill orientation range widely in the literature, from close to horizontal to 45 -508 head up (Lawson et al., 2006 , and references therein); our estimates being at the low end of that range relative to the horizontal. This wide spread of orientations most probably reflects, to some extent, the spread of methodologies used to estimate them. Our estimates are consistent with other values using similar methodology (Conti and Demer, 2006) , but differ considerablyin both mean and distribution-from either in situ or ex situ measurements, for both E. superba and M. norvegica (Lawson et al., 2006 , and references therein). Although our methodology may tend to underestimate the variance due to the averaging effect of using binned S v data (CCAMLR, 2009), the mean should nonetheless be unbiased, given the assumptions of the model. On the other hand, tank experiments may bias estimates upward-increasing both the tilt angle and the variance-as specimens "hover" in an enclosed space (Lawson et al., 2006) , rather than adopting the usual polarized schooling behaviours documented in the wild (Hamner et al., 1983) .
Live field measurements are very difficult to obtain and suffer from their own potential biases, e.g. avoidance, resulting in a change of behaviour. Lawson et al. (2006) measured E. superba orientation in situ from VPR-recorded still images. They estimated the distribution of orientations to be N[08,278] (excluding two minor modes). If these krill were schooling and actively swimming in unison, they most probably would have shown a more synchronized orientation (Hamner et al., 1983) , i.e. lower variance. However, if they were feeding, or avoiding predators or objects such as cameras and nets, they most probably would have disrupted their normal oriented swimming, thereby increasing the variability. As krill exhibiting a tail-flipping escape response were often visible on their images (Lawson et al., 2006) , their measurements may have been affected by avoidance of the VPR. Also, the small animals (6 -7 mm) sampled in that experiment may not have demonstrated the same degree of coordinated schooling as do adults. Our orientation estimates were made during the day on mostly adult krill at depth (generally . 100 m), most probably not feeding-nor avoiding suspended equipment-and therefore relatively undisturbed.
Ecosystem study implications
Major advances have been realized in the multifrequency acoustic classification of macrozooplankton. From the early dual-frequency (Madureira et al., 1993a, b) and tri-frequency (Brierley et al., 1998) work on E. superba to the recent multifrequency classification methods of De Robertis et al. (2010) on Thysanoessa spp., MFC is transforming hydroacoustics into a powerful, high-resolution sampling technique for studying assemblages of pelagic organisms such as euphausiids and their fish and marine-mammal predators (McQuinn et al., 2013b) . Specifically, it enables the study of the physical dynamics of krill and other macrozooplankton at a much finer resolution than is available from other direct samplers, e.g. multiple net samplers. Krill dynamics at macro-, meso-, and micro-spatial scales are of major concern for the description of essential habitat of various species of krill-eating baleen whales, several of which are listed as species at risk in Canada and are found in the St. Lawrence Gulf and Estuary. In recent decades, several studies have been conducted in a limited area at the head of the Laurentian Channel (Simard et al., 1986; Simard and Lavoie, 1999; Cotté and Simard, 2005) , using acoustic methods to study krill physical dynamics on a baleen whale feeding ground. However, these studies combined the backscatter from the two dominant species into "krill" scattering layers, thus limiting the interpretation of their physical, species-specific dynamics. A recent study has shown, by identifying krill species through MFC in the SLE and NWG in 2008 and 2009 , that T. raschii dominated the krill biomass in this ecosystem as opposed to M. norvegica (McQuinn et al., 2013c) -contrary to what was habitually assumed-and despite being the smaller of the two species was most associated with baleen whale feeding (McQuinn et al., 2013b) . The ability to discriminate between these species has therefore had a significant impact on our understanding of krill dynamics and has led to a rethinking of the relative importance of M. norvegica and T. raschii as forage species in the GSL.
